Fragment-based assembly has been widely used in Ab initio protein folding simulation which can effectively reduce the conformational space and thus accelerate sampling. The efficiency of fragment-based movement as well as the quality of fragment library determine whether the folding process can lead the free energy landscape to the global minimum and help the protein to reach near-native folded state. We designed an improved fragment-based movement, "fragmove", which substituted multiple backbone dihedral angles in every simulation step. This movement strategy was derived from the fragment library generated by LRFragLib, an effective fragment detection algorithm using logistic regression model. We show in replica exchange Monte Carlo (REMC) simulation that "fragmove", when compared with a set of existing movements in REMC, shows significant improved ability at increasing secondary and tertiary predicted model accuracy by 11.24% and 17.98%, respectively and reaching energy minima decreased by 5.72%. Our results demonstrates that this improved movement is more powerful to guide proteins faster to low energy regions of conformational space and promote folding efficiency and predicted model accuracy.
Introduction
Ab initio protein folding simulations have been widely used to detect folding pathways and to predict protein three dimensional structures (Bradley, et al., 2005; Dill and MacCallum, 2012; Lee, et al., 2017; Soding, 2017; Yang, et al., 2007) . During the folding process, the free energy has a rugged funnel-like landscape biased toward the native structure (Onuchic, et al., 1997; Wolynes, 2015) , where, in principle, the native state is characterized by the free energy minimum state that can be detected by minimization of energy functions (Schafer, et al., 2014) . Although energy functions has been well developed in decades, the accuracy of protein structure prediction was still hindered by the enormous of degrees of freedom of protein conformations (Jothi, 2012; Kim, et al., 2009 ). Fragment-based assembly is an accessible approach to reduce the conformational space and accelerate sampling. Exemplified by 3-mer and 9-mer fragment-based move set in Rosetta, this approach has been widely used in most ab initio protein folding simulations (Simons, et al., 1997; Xu and Zhang, 2012; Yang, et al., 2015) , although non-fragment based move sets are also used together and play an important role in the folding process (Chowdhury, et al., 2003; Duan and Kollman, 1998; Ołdziej, et al., 2005; Ozkan, et al., 2007; Simmerling, et al., 2002; Srinivasan and Rose, 2002; Tian, et al., 2016) . During the simulation, fragment-based movements sample the conformational space by repetitively substituting torsion angles of the target protein with identified short fragment structures derived from a fragment library constructed by other algorithms (Bonneau and Baker, 2001 ). Since fragment-based movements consider the genomic constraints resulting from the arrangements of amino acids in the primary sequences, it greatly limits conformational searching space and thus improves the folding efficiency (Wang, et al., 2017 ).
The quality of fragment library is fundamental to the efficiency of fragment-based movement. State-of-the-art fragment library construction algorithms such as NNMake (Gront, et al., 2011) , HHfrag (Kalev and Habeck, 2011) , SAFrag (Shen, et al., 2013) and Flib (de Oliveira, et al., 2015) have been proposed and utilized into protein structure prediction program. More recently, our group designed an effective algorithm, LRFragLib (Wang, et al., 2017) , which outperforms existing approaches by achieving a significantly higher precision and a comparable coverage in sampling near-native structures. Based on two kinds of logistic regression models, LRFragLib utilizes a mutil-stage, flexible selection protocol to detect near-native fragments of 7-10 residues.
In this study, we consider the discretization of the natural coordinates of the peptide backbone, which are the Φ and Ψ angles. First, we used LRFragLib to generate a fragment library containing Φ and Ψ angles derived from known fragments for the target protein. Then we randomly picked out one from the fragment library as the template and substituted all torsion angles of a chosen position of the target protein during each step of replica exchange Monte Carlo (REMC) simulation .
REMC simulation is an all-atom ab initio protein folding program designed by our previous research. With a set of movements and well developed energy functions, REMC can lead small proteins within 100 residues to fold into their near-native structures. Three backbone movements and a side chain movement are adopted into REMC, in which the global and the local move both make torsion angle substitutions based on the randomly selected values, while the knowledge-based move which only changes one pair of Φ and Ψ angles in one step. Different from all these backbone movements, we designed a movement to substitute 7-10 pairs (corresponding to the length of chosen template fragments) of Φ and Ψ angles of the target protein with the corresponding angles of the template with an optimized noise range in each simulation step. We call this movement the "fragmove", since the choice of pairs of torsion angles from a fragment library of known structures. Considering that "fragmove" provides a finite collection of dihedral pair values and using this move set alone in a folding simulation would be too much restrictive, we combined "fragmove" with other backbone movements in REMC with optimized weights. Finally, we systematically analyzed the performance of REMC simulations with or without fragmove both on the testing set used in our previous research and the 12th Critical Assessment of Structure Prediction (CASP12) set (Kryshtafovych, et al., 2016) .
Methods

Datasets
The training and testing sets are the same to the datasets utilized in previous REMC research . Five proteins with different folds and lengths ranging from 39 to 60 residues were used for the training set (Table S1 ) while twelve proteins with lengths ranging from 40 to 77 residues were used for the testing set (Table S2 ). Besides the testing set used before, we also built a CASP12 set to evaluate the performance of REMC with or without fragmove. We extracted all template-free modeling (FM) targets which have full atom information in CASP12 competition. Twelve proteins with the lengths ranging from 55 to 161 residues are included in the CASP12 set (Table S3 ).
Fragment library generation and assessment
We used LRFragLib with default parameters to generate fragment library for each target protein (Wang, et al., 2017) . For each target protein, all homologous proteins were carefully removed before running LRFragLib. Secondary structure and dihedral angles predicted by SPIDER3 (Heffernan, et al., 2017) were taken as input for LRFragLib program. Here we used two indices, precision and coverage, that were widely accepted to evaluate the quality of fragment library. Precision is defined as the proportion of good fragments while coverage is defined as the proportion of positions that are covered by at least one good fragment, where good fragments are those which are structurally close to the native fragment within an RMSD cutoff value. Same to the evaluation procedure in LRFragLib research, we used a series of RMSD10 cutoffs from 0.1 to 2.0Å, where RMSD10 is the normalized RMSD value to that of 10-residue fragments (Carugo and Pongor, 2001 ).
Fragmove
Fragmove was formulated in the following way: for each position of the target protein that spans 7-10 residue window, we queried all candidate fragments from the fragment library generated by LRFragLib and recorded their 7-10 pairs of Φ and Ψ angles. During the simulation, fragmove entailed setting the dihedral angles of all residues of a randomly selected position to those of the template. The step size of fragmove was drawn from a Gaussian distribution with the mean of the difference between the torsion angle of the target and that of the template and an optimized standard deviation. Then fragmove was incorporated into replica exchange Monte Carlo simulation with other backbone movements. The weight of using fragmove to make backbone torsion angle substitution as well as the standard deviations of the step sizes of Φ and Ψ angles were optimized on the training set. Parameters were optimized by minimizing RMSD values and maximizing TM-Score values (Zhang and Skolnick, 2005) of the lowest energy structures. 
REMC simulation
An overall flowchart describing the pipeline of REMC is shown in Figure 1 . A set of movements and an all-atom knowledge-based statistical energy function are adopted in REMC (Xu, et al., 2011; Yang, et al., 2007; Yang, et al., 2008) . The statistical energy function is the sum of pairwise atom-atom contact energy, hydrogen-bonding energy, torsional angle energy and side chain torsional terms, with an additional orientated-dependent term describing nearby aromatic residues. The movements consist of rotations about φ, ψ, and χ dihedral angles of all residues except proline, with bonds and angles held fixed. Including fragmove, there are four kinds of backbone movements and a side chain move adopted in REMC ( Figure 1B) . A global move is to rotate the Φ or Ψ angle of a randomly selected residue while a local move is to rotate seven successive torsion angles with keeping other residues unchanged. The step sizes of the global and local backbone movements are drawn from a Gaussian distribution with zero mean and standard deviation of 2°and 60°, respectively. A knowledge-based move formulated in previous research is to change the Φ and Ψ angles of the residue randomly to one of the 30 representative clustered points for each kind of amino acid (Chen, et al., 2007) .
Besides these backbone movements, a side chain move is to rotate all χ angles in a randomly selected nonproline residue. The step size of the side chain move is drawn from a Gaussian distribution with zero mean and standard deviation of 10°.
As shown in Figure 1B , in each step, the backbone move is carried out chosen from fragmove, knowledge-based move, local move and global move in order with the weights of 0.40, 0.33, 0.50 and 1.0, respectively. Energy is calculated and judged by the Metropolis criterion to decide whether this backbone move could be accepted followed by a round of side chain move and energy calculation.
Initialized structures were generated by the unfolding simulation without fragmove starting from the native structures at a very high temperature (t=1000). Fifteen random coil structures were constructed for each target protein. To optimize the weight of fragmove as well as the standard deviations of the step sizes of Φ and Ψ angles, we run REMC simulations to sample conformational space with 30 replicas at different temperatures, ranging from 0.15 to 1.50. Nine simulations were run for each parameter and each simulation has 50,000,000 steps. The optimized weight of fragmove is 0.40 while the optimized standard deviations of the step sizes of Φ and Ψ angles are 7.5° and 5.0°, respectively. To evaluate the performance of fragmove, for each protein in the training, testing and CASP12 sets, starting from different random coil structures, fifteen simulations were run with or without fragmove, respectively. Each simulation has 100,000,000 steps with 30 replicas at different temperatures ranging from 0.15 to 1.50.
The trajectories at the lowest temperature (t=0.150) were analyzed for structure prediction. Secondary structures of the predicted structures and native structures were assigned by DSSP (Kabsch and Sander, 1983) . The accuracy of predicted tertiary structure models were evaluated by their RMSD and TM-Score values.
Results and discussion
Improvement of secondary and tertiary structure
We built fragment libraries for each protein in the training set, testing set and CASP12 set by LRFragLib. Figure S1 shows the satisfactory performance of all the three datasets when evaluating precision and coverage of fragment libraries. More specifically, at the cutoff of 1.5Å, the training, testing and CASP12 set all show high levels of precision (67.66%, 83.86% and 65.40% respectively), while all of these three datasets achieve a coverage of >90%. These results indicates LRFragLib is powerful to identify near-native fragments and the fragment libraries constructed by LRFragLib have satisfactory qualities that can be well used for designing fragmove and thus contribute to ab initio protein structure prediction. We run 15 simulations for each protein with or without fragmove, respectively and chose the minimum energy structures as the final models. When using fragmove, a lower RMSD value was observed on all proteins in the training set, 10/12 proteins in the testing set and 10/12 proteins in the CASP12 set ( Figure 2A and Table S4&S5 ). Specifically, REMC simulations with fragmove successfully folded 14 proteins to moderate resolution (RMSD<5 Å) and 6 proteins to high resolution (RMSD<3 Å) with native-like fold and topology while simulations without fragmove only fold 8 proteins to moderate resolution and 2 proteins to high resolution in all three datasets (Table S4&S5) . On average, when using fragmove, the lowest RMSD value of the lowest energy structures were decreased by 2.55 Å, 1.35 Å and 1.95 Å in the testing set, CASP12 set and all tested proteins (including all proteins in the testing and CASP12 set), respectively.
Since RMSD is sensitive to outliers, we also made evaluation based on the TM-Scores of lowest energy structures. Similar results to evaluation based on RMSD, when using fragmove in REMC simulations, the highest and average TM-Score values of the energy minimum structures, for nearly all proteins in the training, testing and CASP12 sets, were higher than the numbers without fragmove (Figure 2 B&C and Table S6&S7 ). More specifically, the highest TM-Score observed increased by 23.97%, 7.06% and 15.52% while the average of TM-Score of the lowest energy structures decreased by 26.24%, 9.73% and 17.98% in the testing set, CASP12 set and all tested proteins, respectively. This results indicates that using fragmove in REMC simulations does not only improve the quality of the best model but also increase the overall accuracy of all simulation results.
In addition, compared with CASP12 set, testing set achieved higher precision and coverage due to much more low homology proteins detected and thus it lead to the improvement on the testing set, although the improvements on both sets are statistical significant. In addition, using fragmove does not only improve the prediction accuracy of tertiary structures, but also contributes to the accuracy of secondary structures. Figure 2D and Table S8 show that 9/12 proteins in the tseting set and 11/12 proteins in CASP12 set achieved higher secondary structure accuracy when using fragmove in REMC simulation.
Specifically, the accuracy was increased by 12.91%, 9.56% and 11.24% in the testing set, CASP12 set and all tested proteins, respectively. Besides Figure 2 paints a comprehensive view of the improvement due to fragmove set, we also examined the lowest energy structures with the highest TM-Scores for each protein to gauge how fragmove makes such significant improvement. In Figure 3A on the left hand side, the energy minimum structure of the protein 1SHF from simulations without fragmove is imposed over the experimental PDB structure(green). 1SHF is a β protein with the length of 59 residues, however, the predicted structure without fragmove has a helix and thus the topology is incorrect. In comparison, in Figure 3A on the right hand side, the energy minimum structure (blue) from simulation with fragmove successfully predicted all four β strands in 1SHF and these strands also packed better to yield a much lower RMSD structure. Figure 3B shows the protein with a complex structure in CASP12 set, T0868-D1, which has five helices and five strands with the length of 116 residues. The structure without fragmove failed to predict the overall topology while the one with fragmove has the correct topology of four helices and two strands. Moreover, in Figure S2 , predicted structure of 1AIL with fragmove shows excellent agreement with the native structure while structure without fragmove failed to predict the third helix. Although structures without/with fragmove both successfully predicted the topology of 1IGD and 1K9R in Figure S2 , structures with fragmove packed much better and thus yield high TM-Scores and lower RMSD values. As for T0898-D1 in CASP12, the topology of the structure without fragmove is incorrect while the structure with fragmove correctly generated four helices and the topology was correct. These results indicates that using fragmove, on one hand, can yield more correctly folded secondary structures of alpha helices and beta strands, on the other hand, can improve the relative arrangement and packing between these secondary structures. 
Detection of lower energy conformation
We also discovered that in addition to being able to find structures much closer to the native structures, the fragmove set is also able to detect lower energy conformations. Figure 4 and Table S9-S10 show the lowest and average of energy values of the lowest energy structures for each target in the training, testing and CASP12 set. For all proteins in three datasets, predicted structures by using fragmove yielded lower energy with respect to the lowest and average values. The lowest energy was decreased by 4.62%, 3.84% and 4.23% while the average energy of lowest-energy structures was decreased by 5.12%, 5.16% and 5.72% in the testing set, CASP12 set and all tested proteins, respectively. 
The energy landscape and improvement of efficiency
Since fragmove is able to detect lower RMSD and lower energy conformations, we next examined the nature of the energy landscape presented as energy-rmsd scatter plot ( Figure 5 ). It can be seen that the free energy landscapes of simulations with fragmove were located on the lower left compared with that of simulations without fragmove, which indicates that conformations with fragmove found conformations with lower energy and structurally closer to native structures. Although the lowest energy conformations usually have quite low RMSD, the energies of native structures are not the lowest in all cases, even higher than many conformations during the simulations. This observation suggests that the energy function might not be accurate enough which mainly hinders to detect near-native structures. Interestingly, in most case, the conformation cluster with lowest RMSD values usually does not correspond to the one with lowest energies. Therefore, instead of simply selecting energy minimum structure as the final model, selection criterions of final protein structure as well as additional refinement steps to preserve and select the conformation clusters with lower RMSD should be discussed in the future work.
Besides detecting the energy landscape, we also analyzed the changes of energy and RMSD values during the folding process. Figure S3 shows the energy and RMSD time courses of 15 simulations of four protein cases in the testing and CASP12 sets. In the right hand panels, RMSD shows large discrete jumps due to the fact that in REMC, periodic exchanges of replica states between the lowest temperature (t=0.150) and higher temperatures. In each case, the energy and RMSD of simulations with fragmove both reached lower values faster than those of simulations without fragmove, especially for the free energy, which demonstrates that fragmove is also more efficient at guiding proteins to the low energy regions of conformational space.
Conclusion
We introduce an improved fragment-based movement, fragmove, which substitutes multiple backbone torsion angles with the values of known protein structures derived from fragment libraries generated by LRFragLib. Fragmove has been incorporated into REMC simulation and compared with a set of existing backbone movements in REMC, using fragmove yielded significant improved performance at increasing secondary structure and three dimensional model accuracy by 11.24% and 17.98%, respectively and reaching the energy minima decreased by 5.72%. Fragmove is more powerful to detect lower energy and structurally closer conformations to native structures, guide proteins much faster to low energy regions of conformational space and thus improve folding efficiency and protein structure prediction accuracy. : lowest RMSD values seen in fifteen lowest-energy structures with fragmove.
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